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Abstract—Intelligent transportation systems and
autonomous vehicles are expected to bring new experiences
with enhanced efficiency and safety to road users in the
near future. However, an efficient and robust vehicular
communication system should act as a strong backbone to
offer the needed infrastructure connectivity. Deep learning
(DL)-based algorithms are widely adopted recently in various
vehicular communication applications due to their achieved
low latency and fast reconfiguration properties. Yet, collecting
actual and sufficient transportation data to train DL-based
vehicular communication models is costly and complex. This
paper introduces a cellular vehicle-to-everything (C-V2X)
verification platform based on an actual traffic simulator and
spectrum-aware access. This integrated platform can generate
realistic transportation and communication data, benefiting
the development and adaptivity of DL-based solutions.
Accordingly, vehicular spectrum recognition and management
are further investigated to demonstrate the potentials of
dynamic slidelink access. Numerical results show that our
platform can effectively train and realize DL-based C-V2X
algorithms. The developed slidelink communication can adopt
different operating bands with remarkable spectrum detection
performance, validating its practicality in real-world vehicular
environments.

I. INTRODUCTION

With the promising connectivity provided by next-
generation communication systems, such as 5G and 6G,
several novel applications are developing in full flourish.
Among those applications, intelligent transportation system
(ITS) and autonomous vehicles are anticipated to bring new
experiences with enhanced efficiency and safety to road
users in the near future [1]. In macroscopic scale, with
the support of ITS algorithms, the data collected from road
users can be used to perform traffic flow prediction, optimal
path planning, traffic light control, and so on, leading to
the improved transportation efficiency. In microscopic scale,
via exchanging information with surrounding vehicles and
infrastructures, autonomous vehicles can be employed to
assist drivers to mitigate fatigue and increase safety during
driving. However, an efficient and robust vehicular commu-
nication system should act as a strong backbone to offer the
needed infrastructure connectivity of ITS and autonomous

vehicles [2]]. In light of this situation, vehicular commu-
nications is a important but challenging research topic to
communication society, bringing several special challenges
to transitional communication algorithms [2]. Specifically,
first, ultra-reliable low latency communications (URLLC)
is an important consideration to vehicular communications
due to its short reaction-time nature. Secondly, as the high
mobility feature of vehicular communications, algorithms
should be able to adopt different environments via fast
reconfiguration to better serve vehicular communications.
As a result, developing suitable algorithms for vehicular
communications, which satisfies the aforementioned require-
ments, is not trivial and challenging.

In the past few years, researchers focus on the develop-
ment of deep learning (DL)-based solutions for vehicular
communication. Compared to traditional optimization-based
algorithms, which often involves complex matrix operations
and iterations, DL models can be used to construct efficient
algorithm with URLLC and adaptability since exhausted
computation tasks can be finished in offline training phase.
Hence, DL-based algorithms are widely adopted in various
vehicular communications applications [[1]]. However, to train
DL-based algorithms, abundant amount of data with high
quality should be provided. When it comes to the vehic-
ular communications, collecting sufficient amount of real
transportation data is costly and difficult. Many works are
forced to use simulation data to finish experiments, limiting
the power of DL-based algorithms due to the absence of
critical features in practical and also raising doubts about
its practicality [3]]. To tackle this dilemma, in this paper,
we propose a vehicular communication platform based on
real traffic simulator. As shown in Fig. [} the proposed
platform integrates both transportation and communication
modules for the verification of various wireless communi-
cation and networking algorithms. Specifically, several open
source software, including Simulation of Urban MObility
(SUMO), openStreetMap (OSM), and OSM Web Wizard
[4]], are combined in the transportation module. By doing
S0, in our transportation module, customized geographic
information can be imported as a region of interest first,
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are integrated to generate realistic data for verification of vehicular communication algorithms. To be more specific, when a geographical information is
imported, transportation module will create realistic traffic on it, then wireless communications will be simulated. As a result, the proposed platform can
be used to assess the achieved performance of various vehicular communication algorithms in real scenarios.

then realistic trajectories of each vehicle will be created on
the region of interest based on adjustable parameters. Given
those realistic trajectories, in our communication module,
vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I)
connections, which is simulated based on latest specifi-
cations and papers, are created occasionally to simulate
vehicular communications environment. Moreover, we offer
sub6GHz and Terahertz (THz) wireless communications for
users to choose from now. Different from existing simulation
platforms, the trajectories generated from our transportation
module will be affected by traffic light and the actions
of surrounding vehicles, offering realistic and critical pat-
terns. At the same time, given a interested scenario, the
proposed platform can be used to generate huge amount
of data quickly, stimulating the development of DL-based
vehicular communications algorithms. To validate the pro-
posed platform, we develop a DL-based spectrum man-
agement algorithm for sub6GHz vehicular communications.
Moreover, the ability of the proposed algorithm to adopt
different communication scenarios is also investigated in
detail. To explain, spectrum management is an indispensable
component to realize efficient vehicular communications.
By employing spectrum sensing algorithms in vehicular
communications, underutilized spectrum can be reused and
consequently leads to a better overall spectrum efficiency [5]].
Also, an effective spectrum sensing algorithm can be used
as a preceding algorithm to perform critical radio resources
allocations in vehicular communications. When it comes to
heterogeneous communication systems or military usage [6]],
spectrum management also shows its importance in terms of
provided efficiency improvement. Therefore, we implement
critical spectrum sensing algorithms in our platform for
further verification. We summarize the major contributions
of this work as follows:

e A vehicular communication verification platform is
proposed to demonstrate vehicular communication al-
gorithms and assess their performance in real scenarios.

To the best of our knowledge, this work is the first to
provide an integrated vehicular platform with real traffic
simulator and next generation communication systems
following specifications and standards. Specifically, re-
alistic traffic in customized region of interest can be
created by the transportation module. Then communica-
tion connections will be conducted via either sub6GHz
or THz bands by the communication module. The
proposed platform can be used to demonstrate existing
vehicular communication algorithms, especially DL-
based algorithm to satisfy the need of hung amount
of data with high quality.

o To demonstrate the developed platform, we develop
DL-based spectrum management sub6GHz solution
based on our previous work [7]]. Note all the communi-
cation system settings are following latest standard and
specifications to better serve current vehicular commu-
nications. The comparison of the proposed DL-based
and existing generative adversarial network (GAN)-
based algorithms is also conducted in different bands.
Simulation results reveal that our spectrum management
algorithm can offer excellent performance regardless
the operation band, showing the practicality of our
spectrum management algorithm.

The rest of paper is organized as follows. Section II
introduces the considered spectrum management problem.
Section III provides the detail of the developed algorithm. In
section III, we first introduce the comprehensive information
about the developed platform, and then use the generated
data to present and discuss the achieved performance of
spectrum management algorithms. Finally, section V con-
cludes the whole paper.

II. SYSTEM MODEL AND PROBLEM DESCRIPTION
A. Signal and Communication Setups

Considering a vehicular communications scenario, fol-
lowed by cellular-V2X (C-V2X) structure with operation



frequency band [W7, W5] (Hz), a base station (BS) serves
several user equipments (UEs) in its cell coverage. To
increase spectrum efficiency by performing spectrum man-
agement [8|], each transmission time-slot will be divided
into two phases: sensing phase and data transmission phase.
In sensing phases, an UE, which wishes to create new
connection using spectrum holes in the radio environment,
will perform spectrum sensing to detect existing connections
and seek for idle bands first, then the desired connection can
be built in the following data transmission phase. Suppose
there are I connections existing in the time-slot, the received
signal x.(t) at the UE side can be modeled as

I

re(t) = Xo(t) + w(t) = > _hy(t) s,(t) +w(t), (1)

n=1

where s,,(¢) and h,,(t) are the transmitted signal and corre-
sponding channel effect of existing transmissions and w(t) is
the noise in receiver side. In a given sensing phase, by using
an ADC with Nyquist sampling rate fs, a perfect discrete
time sequence r[n] = X[n] + w[n] = xc(§) + w(§),n =
0,1,...,Ny—1 can be obtained as r € CV=*1_ Also, the cor-
responding discrete Fourier transformation (DFT) spectrum
can be obtained by performing R = Fr, where F is the DFT
basis matrix. However, getting DFT spectrum in this way
is costly and impractical. To tackle this drawback, spectrum

reconstruction problem will be introduced and formulated.

B. Problem Formulation

Sub-Nyquist sampling and spectrum reconstruction based
on undersampled measurements can be introduced to avoid
the exhausted sampling process. To explain mathematically,
a sub-Nyquist sampling process can be expressed as

y = OFr, )

where ®)rxn, is the sensing matrix, which satisfies M <
N to perform compression. Our goal in this paper is to
design a way to reconstruct the the desired signal x € CNs*1
or corresponding clean DFT spectrum X = Fx from the
noisy and undersampled measurements y € C*1 Tradi-
tional compressed sensing algorithms can be used to perform
reconstruction by solving the optimization problem:

(Il

ly — PFx||2 <,

minimize
v 3)

subject to

where ¢ is the distortion threshold. However, the computa-
tional efficiency and execution time can be further improved.
To explain, existing spectrum reconstruction algorithms only
focus on the design of reconstruction process and ignore
the design of compression process, limiting the achieved
efficiency. As an alternative, we aim to design a joint
compression and reconstruction algorithm to improve the

overall efficiency. Hence, instead of solving Eq. (3), the
interested joint optimization problem can be expressed as:

|[X — f(PFr)||2, (4)

minimize
f,®

)

where f is the reconstruction function.

III. THE DEVELOPMENT OF DL-BASED SPECTRUM
RECONSTRUCTION

To solve the optimization problem in Eq. (4), we develop a
DL-based algorithm to perform efficient compression and re-
construction. To explain, designing and evaluating a sensing
matrix in the compression process via optimization-based
algorithms is not travail, turning out that existing algorithms
only focus on solving Eq. (3) instead of solving Eq. (4).
In the proposed algorithm, benefiting from the end-to-end
learning nature of DL-based algorithm, backprorogation al-
gorithm is used to improve the compression and reconstruc-
tion process simultaneously via gradient decent mechanism
in each epoch, achieving effective joint optimization. As
a result of the joint optimization, undersampled measure-
ments with more critical information compared to existing
algorithms can be obtained, leading to better efficiency and
consequent better reconstruction results.

A. Deep Learning Model Architecture

We create three consecutive modules (namely compres-
sion, coarse reconstruction, and fine reconstruction modules)
in our DL model for efficient spectrum reconstruction.
The compression module is a specially-designed one-layer
convolutional neural network (CNN) with M filters to pro-
duce undersampled measurements by making the trainable
weights in the compression module act as the content of
sensing matrix, being expressed as:

zpr, = PprFr, )

where Fr € C+ is the original spectrum, ®p; € CM*Ns
is the sensing matrix designed by the compression module,
and zpy, € CM is the obtained undersampled measurements.
To be more specific, the input of the compression module
Fr is presented as a real vector with the size of Ny x 2.
After the operation of the compression module, the output
zpr, is a real vector with the size of M x 2, standing for
the real part and the imaginary part of the undersampled
measurements. Note that there is no activation function in
this CNN layer to ensure the whole compression module
as a linear operation. After training, the trainable weights
in each filter can be represented as a pseudo-random (PN)
sequence [9]]. Then received signals will be mixed with M
PN sequences and pass through a low-pass filter to get the
undersampled measurements zpy, in real scenarios. Once we
get the undersampled measurements zp 1, coarse reconstruc-
tion and fine reconstruction module will be employed to
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Fig. 2. The detailed process of the transportation module: Using the transportation module, realistic traffic will be created in region of interest and the

trajectories of vehicles will be recorded for further use.

perform spectrum reconstruction. The coarse reconstruction
is another CNN layer, which has N, filters with the size of
M x 2, to generate initial reconstruction. Different from the
compression module, batch normalization (BN) and PRelu
are employed in this CNN layer to offer nonlinearty. Then
the fine reconstruction module, which is developed based
on ResNet-structure and has six residual blocks, will be
employed to finish final reconstruction. In each residual
block, three CNN layers with number of filters 64, 32,
and 2, respectively, are built to refine the initial spectrum
reconstruction. Behind each layer, we also employ BN and
PRelu in the initial reconstruction module to complete the
fine-scale reconstruction.

B. Loss Functions

To leverage the end-to-end training mechanism for solv-
ing interested optimization Eq. (4) efficiently, Eq. (4) is
employed as as the loss function of the aforementioned
model directly. Let O¢pr stands for the trainable weight
in the coarse reconstruction module and ©rp represent
the trainable weight in the fine reconstruction module and
f(z;©cR.OFR) is the nonlinear transformation with O¢pr
and Oppg, the loss function can be expressed as

Loss = ||FS—f(<I)DLFI‘; @CR~@FR)||2~ (6)

During each epoch, ®py, Ocg, and Opg will be updated
jointly to minimize the training loss until convergence,
generating optimal sensing matrix and trainable weights
in each module. As for the training specifics, the Adam
optimizer with initial learning rate 0.0005 is employed to
minimize the loss function. The number of epochs is set as
20 and the mini-batch mechanism is employed with batch
size as 128 to facilitate fast convergence.

IV. A NEW C-V2X PLATFORM AND NUMERICAL
RESULTS

A. Vehicular Communication Platform Construction

To evaluate the performance of vehicular algorithms in
real scenarios, as shown in Fig. m we create a platform
integrating real transportation module and spec-defined com-
munication module to obtain simulation results.

1) Transportation module: In order to obtain realistic
traffic data, we introduce SUMO [4] as the transportation
module of the proposed platform. To explain, SUMO is an
open source platform that can create microscopic realistic
traffic data. Moreover, with the OSM combination, we can
import the geographic information from real map to eval-
uate the achieved performance of vehicular communication
algorithms in any region of interest of real locations. As
shown in Fig. 2] given a fixed location, in our transportation
module, several parameters can be adjusted to simulate the
transportation behavior during different time or events. In
this paper, a two direction street with four lanes in Raleigh
Downtown, North Carolina is selected as region of inter-
est to investigate the behavior of vehicular communication
algorithms in Urban scenario. The area we selected for
simulation is around 600k m? and traffic lights are built
and used to control the traffic in this area. The time step
is set for 1 second and the average seconds of an new
vehicle generated on the map is set as 2.5. Furthermore,
we adopt vehicles with 5 m length and 1.8 m width to
finish the simulations. The maximum speed of each vehicle
is set as 55.56 m per second, and minimum gap of two
vehicles is 2.5 m. It is noteworthy that the aforementioned
parameters can be adjusted flexibly to reflect the traffic in
peak hours or non-peak hours or to match any communi-
cation specifications or standards. Moreover, different type
of vehicles with different size can be simulated by SUMO
platform to generate realistic traffic behavior. Based on the
aforementioned settings, SUMO raw dump traffic data will
be created. Then the original one-dimensional position data
will be converted to two-dimensional position data first and
be passed to communication module for further processing.

2) Communication module: After we get the discrete
traffic data generated from the transportation module, we
follow the latest settings of standards and specifications
to construct the communication module. To be more spe-
cific, we set one BS on middle of the road. The distance
between the V2I connections (i.e., BS and any vehicles)
and V2V connections (i.e., any pairs with two vehicles)
can be calculated in each time step. In the coverage of
the BS or the maximum communication range of V2V
connections, we set that for each vehicle there is 0.9 chance
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Fig. 3. The detailed process of the communication module: In each time step, based on the realistic trajectories data and communication system settings,
wireless connections will be created and the detailed information is also provided in our platform.

that it is communicating with the BS and for each pair of
vehicles there is 0.5 chance that they are communicating
with each other to create V2V and V2I connections. Next, it
is noteworthy that we offer different operation band options
with realistic channel behavior to perform simulations in
our communication module. Specifically, in Release 17
announced in December 2019, frequency range 1 (sub6GHz)
is still considered to support C-V2X communications. We
further consider THz band as an option in our platform
for next-generation communications. The comparison of
achieved performance in those bands can act as a useful
reference for system designer to determine the actually band
for different applications. We set W3 and W5 as [0,2GHz]
according to simulate wideband scenario in sub6GHz
band. When it comes to the THz band, we follow our
previous paper [[7] to set Wy and W as [0.1T Hz,0.55T H z].
As for the coverage of V2V and V2I connections, we set that
as 100m for sub6GHz band and 15m for THz band based
on latest papers. In summary, there are 2GHz and 450GHz
available bandwidth for the usages of sub6GHz and THz
transmission, respectively.

As for the channel effect, we consider frequency and
distance-dependent path loss in both bands following the
suggestions of 3GPP simulation guideline and latest papers
[10]. Specifically, the block slow fading channel with the
path loss: 127 + 2 « logio(f) + 30 * logio(d), where d
(km) is the distance and f is the center frequency of each
connections, is set for sub6GHz band. As for THz band,
we follow the setting in our previous paper to simulate
realistic THz channel behavior with the consideration of non-
ideal conditions, such as temperature, atmospheric pressure,
air density and non-line of sight effect. The whole simulation
process of communication module is shown in Fig.[3] in each
time step, different number of connections will be created
based on the given trajectories and aforementioned com-
munication parameters. Moreover, the detailed information
about the transmitter and receiver of each connection is also
provided in the proposed platform.

3) Data set generation: By integrating the above two
modules, we generate realistic data set for the training of
DL-based algorithms. Specifically, different from existing
works, which employs simple transportation model to de-

scribe the vehicle mobility, the trajectories of each vehicle
are affected by adjacent vehicles and traffic lights on road
in our simulations, leading to more realistic simulation
results. Based on these trajectories, V2V and V2I connec-
tions are built occasionally in our communication module.
As compared to latest spectrum reconstruction algorithms,
which assumes fixed number of existing connections in
their simulations, it is noteworthy that the number of valid
connections may change in each sample in our simulations,
challenging the ability of DL-based reconstruction algo-
rithms but being more similar to real scenarios. When all
the communication connections are generated, we assume
N, = 256 subcarriers equally spaced within the available
bandwidth. We further assume that each existing users chose
a random, non-overlapping group of 5 subcarriers to transmit
on, with at least 1 subcarriers of guard on either side.
Finally, antenna gains from transmitter GG; and receiver G,
are set as 0 dbi for sub6GHz and 50 dbi for THz bands,
respectively for fair comparison. Although we consider the
single input single output structure for the communication
system design of each band, the achieved results should
be the same for multiple input multiple output structure
as the only difference is the provided array gain in our
interested problem. For each operating band, we generate
50000, 10000, and 10000 samples and corresponding labels
for training, validation, and testing sets, respectively. Note
that all the inputs and labels are normalized as [1,0] to
prevent computational issues of DL-based algorithms. All
the reported results are the average values over the testing
set.

B. Performance Metrics

We assess different algorithms from both machine learn-
ing and communication perspectives in this paper. As for the
machine learning performance metrics, mean-square-error
(MSE), cosine similarity, and structure similarity (SSIM)
between original spectrum and reconstructed results, are
reported in this paper [7]. As for the communication per-
formance metrics, we combine the output of different spec-
trum reconstruction algorithms with simple energy detection
mechanism to perform spectrum sensing. In both original



TABLE I
COMPARISON OF SPECTRUM RECONSTRUCTION IN DIFFERENT BANDS
WITH SNR = 30 DB AND COMPRESSION RATE = 0.125

GAN Proposed
sub6GHz |  THz sub6GHz [ THz

Machine learning performance metrics
MSE 0.0685 0.0187 0.0026 9.61e-04
S.C".Sf“? 0.3370 0.4394 0.9951 0.9908

imilarity

SSIM 0.3033 0.6289 0.8523 0.9386

Communication performance metrics
Py 2.47e-04 0.0622 0.9 0.9449
Py 0 2.68e-04 2.6e-04 0.0014

and reconstruction spectrum, a subcarrier will be considered
as occupied if the power of it exceeds 0.5. Then detection
rate P; and false alarm rate P; can be calculated to reflect
the spectrum sensing performance, Note that the better
trade-off between P; and P; implies the better spectrum
efficiency and better communication quality as new users
can always find spectrum holes to conduct interference-free
data transmission.

C. Performance Comparison

Table I reflects the achieved performance of different
algorithms in different operating bands with signal-to-noise
ratio = 30 dB and compression rate = 0.125. In both
sub6GHz and THz bands, the proposed algorithm outper-
forms GAN-based algorithm in various performance metrics
significantly. To be more specific, in terms of machine
learning performance metrics, the proposed algorithm can
offer excellent reconstruction results, which is very close
to the original spectrum. Moreover, the proposed algorithm
can strike a good trade-off between detection rate and false
alarm rate to aid vehicular communications. On the other
hand, the reconstruction quality provided by GAN-based
algorithm is unacceptable, failing to reflect the utilizing sit-
uations of original spectrum and failing to perform effective
spectrum management. Specifically, it is noteworthy that the
detection rate of GAN-based algorithm is far less than 90%,
which is unsatisfactory for any communication systems. It
is also noteworthy that the simulation results reveal that
the proposed spectrum reconstruction can be employed in
different bands as its data-driven nature can adopt different
channel characteristics automatically. Finally, although THz
bands can provide abundant bandwidth to support data rate-
demanding or low latency applications, we report that the
extra power consumption or advanced technologies (i.e.,
beamforming technique, antenna design) should be used to
overcome the higher path loss compared to sub6GHz band.

V. CONCLUSION

We propose a vehicular communication verification plat-
form to facilitate the development of DL-based C-V2X

communication. A transportation module based on SUMO
for realistic transportation data and a communication module
based on the latest specifications are integrated to offer
practical simulation results. Using the proposed platform, we
further develop a DL-based spectrum management algorithm
for the sub6GHz band and investigate the adaptability with
actual transportation data and different communication set-
tings. Simulation results confirm that the proposed algorithm
can be employed in various communication systems to offer
impressive results.

For future work, we plan to add other 3GPP commu-
nication options, such as millimeter wave, and connection
types, such as vehicle-to-pedestrian and vehicle-to-network
connections. Moreover, we will create computation module
to address computation-related issues, including edge com-
puting, on-device learning, and distributed machine learning
training in vehicular communications.
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